Introduction
Medical decision making is fraught with uncertainty, reflected in a lack of evidence to confirm or deny the efficacy for a third of surgeries to place pacemakers or ear tubes 1 and over forty percent of recommendations for the management of cardiac disease 2 . Evidence-based medicine seeks to fill these gaps, but even with disruptive reforms 3 , the expanding breadth and evolving complexity of medical practice ensures that high-quality prospective data will perpetually lag behind the need to answer clinical questions. Even when high-quality evidence is available, inconsistency in distribution and implementation can result in wide practice variability, such as a quarter of patients with a heart attack not receiving aspirin 4 . Clinical decision support (CDS) constructs such as order sets and templates reinforce consistency and compliance with best-practices by systematically distributing expertise 5, 6 , but their development is limited by a topdown, knowledge-based approach. This approach requires manual production and maintenance that is only feasible for a limited number of common scenarios 7 . The progressive adoption of electronic medical records (EMR) creates the opportunity for a Big Data 8 approach of crowd-sourcing clinical expertise from the bottom-up, tapping into the collective experience of many practitioners to automatically generate CDS content in a learning health system [9] [10] [11] .
Background
Prior work in automated CDS content development includes reports of association rules and Bayesian networks relating orders and diagnoses, as well as unsupervised clustering of clinical orders [12] [13] [14] [15] . We developed an item-based association framework to generate clinical order recommendations 16 analogous to Netflix or Amazon.com's "Customer's who bought A also bought B" system 17 , extracting the expertise hidden in the patterns of clinical orders (e.g., labs, medications, imaging) that concretely manifest clinical decision making. This recommender predicts real clinical orders (improving precision at ten recommendations from a baseline of 26% to 37%) as well as clinical outcomes such as mortality and intensive care unit interventions (c-statistics of 0.88 and 0.78, respectively), comparable with state-of-the-art prognosis scoring systems 18 . Despite these encouraging results, a recurring concern for automatically generated CDS content is that common clinical decisions derived from the wisdom of the crowd 19 do not entail "good" or appropriate decisions. Validating the quality of recommender systems is challenging as there is not a well-defined or generally accepted definition of a "good" recommendation 20 . We previously demonstrated an internal validation by predicting clinician behavior and clinical outcomes 18 , while others have assessed coverage of manually authored order sets 15 and qualitative assessment by a couple clinician reviewers 12, 13 . Limited evaluations exist against objective external standards. Here we contribute a structured evaluation of automated order recommendations against the external standard of clinical practice guidelines, representing the appropriate standard of care for sample scenarios including chest pain, gastrointestinal hemorrhage (GI bleed), and pneumonia in hospital patients. While we would not expect automated methods to discover new medical knowledge for these scenarios beyond what already exists in their reference guidelines, we hypothesize that automated methods will reproduce best practice patterns consistent with clinical guidelines. More importantly, they will automatically produce that content in the form of executable electronic orders, and can be applied for scenarios where reference guidelines do not exist.
Methods
As described previously 18 , we extracted patient data deidentified of protected health information for inpatient hospitalizations at Stanford University Hospital in 2011 from the STRIDE clinical data warehouse 21 . The structured data covers patient encounters from their initial (emergency room) presentation until hospital discharge, including >19K distinct patients with >5.4M instances of >17K distinct clinical items. Clinical items include medication, laboratory, imaging, and nursing orders, as well as non-order items for lab results, ICD9 diagnosis codes, and patient demographics. Medications were normalized by active ingredient based on RxNorm 22 . Applying the "80/20 rule" 23 , rarely used clinical items were removed from consideration to reduce the effective item count from >17K to the top 1.5K (9%), while still covering 5.1M (94%) of the item instances. Furthermore, infrastructure orders that are commonly part of treatment processes or admission protocols (e.g., vital signs, notify MD, regular diet, patient transport, and all other nursing and PRN medication orders) were excluded as they rarely reflect meaningful clinical decisions. These exclusions left 811 clinical order items as candidates for recommendation.
To develop an external reference standard for order quality, we evaluated clinical practice guidelines from the National Guideline Clearinghouse (http://www.guideline.gov) that inform the management of selected hospital ICD9 admission code groups for chest pain 24, 25 , GI Bleed [26] [27] [28] [29] , and pneumonia 30, 31 . Hospital admission scenarios were selected as they are "order-dense" enough for an order recommender to demonstrate measurable utility, while the specific diagnoses were selected based on the existence of relevant guidelines and a significant quantity of clinical data examples. The 811 candidate clinical orders were labeled as "guideline reference orders" based on whether a guideline explicitly mentioned them as appropriate to consider (e.g., treating pneumonia with levofloxacin), or implied them (e.g., bowel preps and NPO diet orders are implicitly necessary to fulfill explicitly recommended endoscopy procedures for GI Bleeds). Given the non-specific nature of admission diagnoses, separate guideline recommendations for management of ulcerative, variceal, and lower GI bleeding were included as the specific etiology is generally unknown at the time of hospital admission. Similarly, while we included chest pain guideline recommendations focused on empiric management and diagnosis, we excluded recommendations prescribing treatment for confirmed diagnoses (e.g., clopidogrel for heart attack, NSAIDs and colchicine for pericarditis) as such cases presumably would have been admitted under the specific diagnosis, rather than the undifferentiated "chest pain" syndrome.
Automated order recommendations were generated from past clinician behavior by our previously described methods 16 . Specifically, based on Amazon's product recommender 17 , an intensive pre-computation step collects frequency statistics for all clinical item instances and co-occurrences on a randomly selected training set of 15,629 patients to build a time-stratified item association matrix 18 . Counting by patients affords a natural interpretation of 2x2 contingency tables for pairs of items, from which various association statistics can be derived (e.g., odds ratio (OR), relative risk (RR), positive predictive value (PPV), sensitivity, baseline prevalence, and Fisher's P-value) 32 . The order recommender used admission diagnoses as query items to generate lists of all candidate clinical order items occurring within the order-dense first 24 hours of each admission, score-ranked by one of the association statistics. These score-ranked order item lists were evaluated against the guideline reference orders by receiver operating characteristic (ROC) analysis and recommendation accuracy in terms of precision (PPV) and recall (sensitivity) when considering only the top K recommendations.
We labeled the 811 candidate clinical order items as "order set items" based on inclusion in relevant preauthored order sets available in the hospital EMR. Incorporating these as benchmarks is especially important, as their prior availability could result in the automated methods simply relearning the existing order sets. A key distinction is that the automated methods provide fully score-ranked lists of candidate items, as opposed to conventional order sets that generally present all n O order set items (up to 102 in the case of chest pain) without a ranking method to convey the relative importance of items (default selections and submenus differentiated <25% of order set items). Consequently, using "order set item" labels to infer guideline reference orders effectively yields only two possible score-ranks for candidate items, resulting in a single discrete point on the ROC "curve" and the accuracy vs. top K items plots using an arbitrary ranking of items within order sets. Table 1 reports summary counts of patient information available, guideline reference orders, and pre-authored order set items for each of the admission diagnoses considered. Table 2 contains recommendation examples for the chest pain admission diagnosis with association statistics and reference labels. Figure 1 depicts ROC curves assessing discrimination of guideline reference orders. Figure 2 depicts recommendation accuracy for increasing number of K items considered, illustrating the tradeoff between precision and recall, and performance for more practical small values of K. Table 1 -Admission diagnoses evaluated, number of patients in training dataset, number of candidate orders referenced as appropriate in clinical practice guidelines, number of candidate orders available in pre-authored order sets, and the intersection between the latter two. Figure 1 illustrates c-statistics (AUC) when using automated recommendations to identify orders referenced in clinical practice guidelines, improving upon the benchmarks set by pre-authored order sets and baseline prevalence (pre-test probability) (P<10 -30 by Fisher's exact test in all cases). Figure 2 illustrates a similar trend for recommendation precision at small values of K recommendations considered, which is more relevant to a satisfactory end-user experience. These results support the hypothesis that automated methods for generating executable decision support content from prior behavior can reproduce recommendations consistent with standards of care, while avoiding inappropriate or irrelevant recommendations. However, the primary limitation is that this validation is only demonstrated for this sample selection of admission diagnosis scenarios. Given that the pre- authored order sets were available to clinicians during the training data period, the direct incremental value of the example recommendations presented is limited, especially if they only reproduced existing order sets. The results above show that recommendations that incorporate real clinician behavior patterns do further optimize order validity beyond the pre-existing order set benchmarks, but the more important value of this work comes from extrapolating to more typical clinical scenarios that are too specific or complex, such that clinical practice guidelines and preauthored order sets do not apply or perhaps do not even exist (e.g., management of an admission diagnosis of "altered mental status" (ICD9: 780.97), or a patient with a combination of medications orders for furosemide, spironolactone, and lactulose). In such cases where reference standards for high-quality orders do not exist, automated learning methods still provide data-driven recommendations based on other practitioners' experience, with the example cases analyzed here providing confidence in the quality of those automated recommendations. A key issue for decision support quality and safety is the complementary goal of not recommending "inappropriate" orders. For our example cases, guidelines recommend against the routine use of IV hydrocortisone (stress does steroids) and filgrastim (granulocyte colony stimulating factor) in pneumonia and Factor VIIa in GI bleeding. The automated order recommendations appropriately score these orders with low odds ratios <1 and PPVs <3%. CK-MB for chest pain is the notable exception where automated recommendations endorse an order which guidelines explicitly reference as inappropriate. CK-MB is a cardiac biomarker for heart attacks largely made obsolete by more accurate troponin testing, but the practice patterns at this hospital (revealed by the recommender statistics) demonstrate the routine habit of ordering CK-MB (likely exacerbated by the inclusion of CK-MB in the pre-authored chest pain order set!), perpetuating a debate as to whether CK-MB tests still provide any value 33 .
Results

Discussion
A major limitation of this study approach is the inherent complexity of medicine with patient-to-patient variability and insufficient prospective evidence that defy the existence of a gold standard for general clinical decision-making quality. Even for scenarios where clinical practice guidelines exist as a reference standard, guidelines often offer deliberately vague, conditional, and sometimes conflicting recommendations. For example, multiple guidelines recommended providing appropriate counseling for patients and performing hemodynamic stability assessment with resuscitative stabilization, yet the former does not map to concrete actions and the latter is left for the clinician to interpret how to fulfill. Some guideline recommendations such as Streptococcus antigen testing for pneumonia and terlipressin for esophageal variceal bleeding are not routinely available in the hospital evaluated (the latter is not even FDA approved in the US, with the guideline produced in the UK). One chest pain guideline specifically recommended against the use of stress EKG testing and natriuretic peptides in the diagnostic workup for hospitalized patients with chest pain, while another specifically referenced both as reasonable options.
The complexity and uncertainty of medical-decision making requires clinicians to accumulate expert knowledge through extensive experiential learning, yet they rarely document their expertise in any formal manner. Information retrieval methods will enable the systematic extraction and dissemination of this undocumented collective wisdom by translating the end clinical data into a reproducible and executable form of expertise, unlocking the Big Data potential of electronic medical records.
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